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1　Introduction
The outbreak of COVID-19 coronavirus has caused a tremendous infected cases worldwide. So far, 
there are over 15 million infected and about 60,000 death cases confirmed by the WHO（World 
Health Organization）and Coronavirus Resource Center, John Hopkins University （in July, 
2020）.
　　Tracing the dynamics of the infected cases comes to be necessitated. By watching the number 
of infected cases, we can know what state or level of this disease stays at. We thus can decide what 
measures or actions should be taken. by the country.
　　In this research we propose a Bayesian approach to detect the state or level change, which 
we call it change point （CP）. Statistically detected change point gives us a good reference to 
know with what situations we confront now, and what we should do next, such as, restrictions on 
outgoing, social distancing, or the usual life style recovery etc.
　　Recently many researches on change point detection have been carried out. Such as, 
distributions of time series data have been assumed as Normal ones, or other special ones. 
However, in the real world, it is difficult to specify the distribution of the observed data, the 
imposed special distributions which may have some merits, but, it may lead to a biased estimation 
as well [1]-[8].
　　The rest of this paper is organized as follows. Section 2 summarizes the proposed 
methodology. Section 3 displays the results of our numerical case studies, including the cases in 
Germany, Italy, and Austria. The numerical analyses show that our proposed approach works 




well. By this approach, we can identify the change points of time series data precisely and 
effectively. The detected change points indicate the different properties of the data during each 
segment clearly.Section 4 gives concluding remarks.
　　The data sets we use here are downloaded from WHO, or referred from the open statistical 
references collected by John Hopkins University[9][10].
2　Methodology
We propose a Bayesian approach to deal with the change point detection under the circumstances 
of COVID-19 outbreak. The methodology we apply to this research has also been proposed and 
practiced in our former works[11]-[14][15]-[17]. The more details can be found in [17], for example. 
Here, we just simply summarize the methodology as follows.
2.1　Bayesian inference for change point




      （1）
where β is a set of parameters, and y is a set of given data, where p(β) is the prior distribution 
for β, and p(y |β)is the likelihood, since
  p(y)= ∫p(y |β)p(β)dβ      （2）
we then get the posterior distribution of p(β|y),
  p(β|y)∝ p(y|β)p(β).      （3）
　　We count the number St  of events within time horizon [0, T], and thus numbers of events in 
each different time horizon [0,T] will be acquired, where we denote N(St )=Σnt=1 St.
　　Note N(St ) is a counting process of a set of time series data where the events occur. Assuming 
that N(St ) follows two different poisson processes having two different intensities γ and δ 
divided by a change point k, we then have
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  N(St )|γ, δ, k ～｛ 
Po(γ),　if t≦k
     （4）
      
Po(δ),　if t>k
Thus that β={γ,δ, k } and y ={N(St )}.
　　We further introduce the prior distributions for γ,δ, k as follows.
  γ ～ Γ（α1, α2）       （5）
  δ ～ Γ（d1, d2）       （6）
   k ～ U{1, 2,...T − 1}      （7）
Then, the likelihood function turns to be













We thus have the joint posterior distribution based upon the above prior distributions,




















Collecting all the terms in the posterior involving γ, we have
  p(γ|δ, k, N(S)) ∝ γα1+(Σ
k
t=1 yt-1 exp(-γ(α2
-1+nk))   （10）
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Similarily, we get








where n~ k = T-(k +1)+1=T-k.
So that we have the conditional posterior of the change point k,













　　where k=1, 2,...,T - 1





　　As some special cases without appropriate prior information, one may use non-informative 
priors based on the Jeffrey rule.
3　Numerical Results
In this section, we carry out some case studies using the observed data of confirmed cases of 
COVID-19 from WHO and John Hopkins University[9][10], based upon the Bayesian approach we 
proposed before. The data sets we use hereafter are the confirmed cases from Germany, Italy and 
Austria, respectively.
3.1　Case Study in Germany
3.1.1　About the data
The time series data of the total confirmed cases in Germany are shown in Figure 1. The observed 
period is from Dec., 29, 2019 to Jun., 25, 2020, about six months.
　　Roughly speaking, at the beginning of this period, small numbers of cases are confirmed 
occasionally, such as, one, two, three cases, almost near to zero. But, from the 50th day, it turns 
out to be increasing rapidly. And after the 100th day, the newly confirmed cases seem remained at 
some certain class.
　　We thus may consider the pandemic process has three steps: firstly, only small number of 
people have infected; secondly, the diffusion of the disease increases with a sudden surge in slope; 
Figure 1 : Total cases in Germany
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thirdly, the infected cases are remained at some certain level, because many measures and actions 
have been taken to prevent people from infecting from a public health perspective.
　　On the other hand, seen from Figure 2, the daily new cases, also small numbers of confirmed 
cases are displayed between the 50th day and the 70th day, before the 50th day, the confirmed 
cases are zeros. After about the 70th day, the new confirmed cases turn out to be increasing 
significantly. And around the 130th day, it looks like the confirmed new cases remain almost at 
some certain intensity. So that, we may consider the pandemic process has three steps: small 
numbers of infected; the diffusion of the disease increases with a sudden surge in slope; the 
infected cases remains at a close intensity, say, small numbers of cases at Stage 1, a peak at Stage 
2, and some certain intensity at Stage 3.
Figure 3 : Histogram of Daily New cases in Germany




　　Figure 3 shows the histogram of daily new cases in Germany. Seen from the graph, the daily 
new cases between 0 and 1000 are much more than other cases, the daily cases with large numbers 
are very rare.
3.1.2　Detected change points
Since the numbers of daily new cases are too large, we then turn them into log scale. Based upon 
the proposed methodology above, we obtain the change point positions, the 43rd, the 83rd, and 
the 130th days, which are shown in Figure 4, hereafter, the blue ’+’s indicate the dates when the 
daily new cases are zeros.
　　The 43rd day corresponds to Feb., 4th, the 83rd day corresponds to March., 20, and the 130th 
day corresponds to May, 17, respectively.
　　The first change point indicates where the small numbers of new cases at the very beginning 
of the contagion, after this point, the sudden surge of new cases can be confirmed clearly.
　　The second change point dated Mar., 20 displays the peak of the increase of the new cases, 
after that point, the increasing rate begins to reduce. Since lockdown has been carried out in many 
cities, as above mentioned, for example, the lockdown of Berlin had been carried out since Mar., 
22, and small gatherings had been prohibited since Mar., 23 in the whole state.
　　By taking serious prevention policies, such as, city lockdown, social distancing, mask-wearing 
etc. the confirmed cases began to reduce rapidly and the spread of infection had been controlled 
and stopped.
Figure 4 : Daily new cases in Germany in Log-scale
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　　And the third change point shows the confirmed new cases almost remain at a certain rate. 
These change points corresponding to the total cases and the daily new cases are displayed in 
Figure 5 and 6, respectively.
　　Actually, Germany carefully and gradually started easing coronavirus lockdown in April, and 
around May 10, museums, playgrounds, and other cultural facilities had been reopened. Thus, the 
third change point dated May 17, displays the timing of easing lockdown.
　　Here we just display some statistical properties for the first change point the 43rd day, for 
example. We will not repeat these for each change point hereafter, since they are likely.
　　The mean of the first change point is 42.791. The plots of trace of MCMC samples （total 10,000 
samples, burn-in 2,000） and the autocorrelation are shown as below, in Figure 7 and 8. It can be 
confirmed that the chain has converged from the autocorrelation.
Figure 6 : Daily new cases in Germany




3.2　Case study in Italy
The observed period in Italy is from Dec. 31, 2019 to Jun., 25, 2020, almost six months as well as 
the case in Germany.
　　The plot of the numbers of total cases during the period is shown in Figure 9. It resembles the 
cases in Germany.
Figure 7 : Plot of MCMC samples
Figure 9 : Total cases in in Italy
Figure 8 : Autocorrelation of MCMC samples
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　　Figure 10 shows the daily new cases in Italy during the period. It also has the small cases in 
the very beginning, say, Stage 1, a peak at Stage 2, and some certain intensity at Stage 3.
　　Seen from the histogram in Figure 11, the numbers of cases between 1000 and 6000 are more 
than those in Germany.
　　The results have been displayed in Figure 12, 13, and 14, respectively. In Figure 12, the blue 
’+’s indicate the dates when the daily new cases are zeros.
　　The detected positions of the change points are the 42nd, the 85th, and the 131st days, 
respectively. We can see that, the first change point the 42nd is corresponding to minor cases at 
the very beginning, Stage 1. Then, A surge in the confirmed cases is observed between the 42nd 
and the 85th, corresponding to Stage 2. After the 131st, the cases occur in some certain intensity, 
corresponding to Stage 3.
Figure 10 : Daily new cases in Italy




3.3　Case study in Austria
　　The observed period in Austria is from Dec. 31, 2019 to Jun., 25, 2020, almost six months 
as well as other countries mentioned above. The plot of the numbers of total cases during the 
observed period is shown in Figure 15. But, the total confirmed cases are less than those of 
Figure 13 : Total cases in Italy
Figure 14 : Daily new cases in Italy
Figure 12: Daily new cases in Italy in Log-scale
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Germany and Italy.
　　Figure 16 shows the daily new cases in Austria during the period. It also has the cases with 
small numbers in the very beginning, say, Stage 1, a peak at Stage 2, and some certain intensity 
of the infected cases at Stage 3.
　　In Figure 17, we see that the cases with numbers between 0 and 100 occur frequently.
　　The results have been displayed in Figure 18, 19, and 20, respectively.
　　In Figure 18, the blue ’+’s indicate the dates when the daily new cases are zeros.
　　Figure 18 shows the detected change points. The detected positions of the change points are 
the 42nd, the 81st, and the 131st days, respectively. We can see that, the first change point the 
42nd is corresponding to the beginning of minor cases at Stage 1. Then, the confirmed cases give 
a surge between the 42nd and the 81st days, corresponding to Stage 2. After the 131st day, the 
cases occur in some certain intensity, corresponding to Stage 3. It indicates the effectiveness of the 
lockdown policy as well as the other two countries.
　　What these change points mean also can be confirmed in Figure 19, and 20, respectively.




Figure 17 : Histogram of Daily New cases in Austria
Figure 18: Daily new cases in Austria in Log-scale
Figure 16 : Daily new cases in Austria
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4　Concluding remarks
In this paper, we have shown our proposed Bayesian approach to detect the change points 
in the time series of COVID-19 Contagion cases. The numerical analyses have displayed the 
results of case studies in Germany, Italy and Austria, in which the effectiveness of our proposed 
methodology has been confirmed, namely, it can almost identify the change points precisely in 
any above-mentioned cases. It is an obvious fact that our proposed methodology can be adapted to 
the case studies of other countries as well.
　　We further note that the change points of these three countries are almost the same timing. 
Figure 19 : Total cases in Austria




It means that these three countries are in the very close states during the pandemic, not only 
because all of them had been part of Holy Roman Empire and have had close life styles, habits and 
customs, but close infection risks during the period.
　　Moreover, it also has shown that the intervention policies and measures of public health, 
such as, social distancing, mask-wearing, hand-washing, school-closing, and city lockdown, have 
worked well to reduce the spread of the disease.
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